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Artificial Intelligence (AI): Present and 
Future

•ปัญญาประดิษฐ์ (AI): ปัจจุบันและอนาคต





บทน ำเกี่ยวกับ AI
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ปัญญาประดิษฐ์ หรือ AI ย่อมาจาก Artificial 
Intelligence คือ โปรแกรมคอมพิวเตอร์ที่มีฟังก์ชันที่สามารถ
ท างานได้เหมือนกับมนุษย์ และสามารถเลียนแบบการท ากิจกรรม
ของมนุษย์ได้ เช่น การเรียนรู้ การวางแผน และการแก้ไขปัญหา
ต่างๆ เป็นตัวช่วยมนุษย์ในการคิด ซึ่งจะเน้นไปในเรื่องของการ
ประมวลผล และวิเคราะห์ข้อมูลต่างๆ เพราะ AI สามารถท างาน
ได้รวดเร็วกว่าสมองของมนุษย์ แต่ในขณะเดียวกัน AI ยังไม่
สามารถท าหน้าที่ที่ต้องใช้ประสาทสัมผัสได้

01 ท ำควำมเข้ำใจ AI คืออะไร



ยิ่งได้รับข้อมูลทีม่ีคุณภาพและปริมาณ

มากก็จะยิ่งสามารถเรียนรู้และพัฒนา

ตนเองได้ดียิ่งขึ้น

อัลกอริทึมคือชุดคำสั ่งที ่บอกให้ AI 

ทำงานอย่างไร ซึ ่งมีอยู ่หลากหลาย

ประเภท

หน่วยประมวลผลกลาง (CPU) และ

หน ่วยประมวลผลกราฟ ิก (GPU)

เป็นอุปกรณ์สำคัญในการให้กำลัง

ประมวลผลให้แก่ AI

แม้ว่า AI จะมีความสามารถในการ

เรียนรู้และพัฒนาตนเองได้ แต่ก็ยังคง

ต้องการมนุษย์เข้ามาเกี่ยวข้องในทุก

ขั้นตอน

Data

Computational 

Power

Algorithms

Human

องค์ประกอบหลัก 4 อย่ำงของ AI01



พัฒนำกำรของ AI ในแต่ละยุค01





เป็นกระบวนการที่ AI เรียนรู้จากข้อมูลโดย

อัตโนมัติ ที่ไม่ต้องมีการเขียนโปรแกรมโดยตรง โดย 

AI จะค้นหารูปแบบและความสัมพันธ์ในข้อมูล เพื่อ

นำมาใช้ในการทำนายผลลัพธ์ในอนาคต

Machine Learning

เป็นสาขาหนึ่งของ Machine Learning ที่

ใช้โครงข่าย Neural Network ในการเรียนรู้ข้อมูล

ที ่มีความซับซ้อน เช่น ภาพ เส ียง และข้อความ 

นอกจากน ี ้  Deep Learning ย ั ง ทำ ให ้ AI ม ี

ความสามารถในการเรียนรู้ภาษาได้ตามธรรมชาติ 

รวมถึงการจดจำภาพ และแปลภาษาได ้อย ่าง

แม่นยำ

Deep Learning

กำรท ำงำนของ AI เบื้องต้น01
AI ทำงานโดยอาศัยข้อมูลจำนวนมากในการเรียนรู้และพัฒนาตนเอง กระบวนการเรียนรู้สามารถแบ่งออกได้เป็น 2 

ประเภทหลัก คือ

























































Real Applications for 
Machine Learning in Energy 



Real Use Cases in the News

❑ $800k in DOE funding 
❑ Collecting data and leveraging 

models to predict the likelihood of 
hazards that would impact nuclear 
facilities 

❑ Goal is to improve employee 
safety and environmental safety

❑ $16M in funding 
❑ One goal is to enhance prediction 

and simulation for physical sciences 
❑ Another goal is to create decision-

support models to make or aid in 
complex decisions 

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

❑ Using sensors and satellite imagery 
to measure greenhouse gas 
emissions (GHG) 

❑ Monitoring shipping, oil & gas, power 
and agriculture 

❑ The goal is to measure and monitor 
global emissions across industries 



Renewable Generation Forecasting
That is why utilities try to implement “Top Down Approach” – , to understand how weather impact the 
wind generation and ”Bottom Up Approach” – would to leverage the sensors on or near wind farm to 
collect the real information to update the forecast.

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Energy + loss + congestion = LMP price
Real Time LMP Components $/MWh

https://search.abb.com/library/Download.aspx?DocumentID=9AKK107492A9735&LanguageCode=en&DocumentPartId=&Action=Launch

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

LMP (Selected) LMP (Full) Energy (Selected) Energy (Full) Congestion (Selected) Congestion (Full)

Wind / Forecast / Actual / Error % 

Generation

https://search.abb.com/library/Download.aspx?DocumentID=9AKK107492A9735&LanguageCode=en&DocumentPartId=&Action=Launch


❑ What is your goal ? 

❑ Do you need machine learning to accomplish this goal ? 

❑ Do you have relevant data? How much? 

❑ Do you have domain knowledge? 

❑ How is your data stored and organized ? Very Important

Machine learning viability checklist

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Case study: MISO LMP price forecast

Headquarters: Carmel, Indiana, United States

❑ “Locational marginal price” : DAH & RTH
❑ Represents the cost of buying and selling 
     electricity at various points on a transmission
     system

• 100 MWs at 12 today on the day-ahead market. 
• 12 today rolls around, demand is actually 105 MWs,
• Additional 5 MWs on the real-time market. 
     Real-time market prices are generally more volatile than day-ahead market prices.

As a simplified example : LMP 

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

https://www.google.co.th/search?safe=strict&q=midcontinent+independent+system+operator+headquarters&stick=H4sIAAAAAAAAAOPgE-LSz9U3MDI3qyjL1dLKTrbSzy9KT8zLrEosyczPQ-FYZaQmphSWJhaVpBYVL2I1zc1MSc7PK8nMS80rUcjMS0ktSAUSQHZxZXFJaq5CfkFqUWJJfpECsj4AHuhsnnIAAAA&sa=X&ved=2ahUKEwiAj5qgtJ7vAhXv4XMBHaBACZsQ6BMoADAiegQINRAC
https://www.google.co.th/search?safe=strict&q=Carmel,+Indiana&stick=H4sIAAAAAAAAAOPgE-LSz9U3MDI3qyjLVeIAsYtzyqu0tLKTrfTzi9IT8zKrEksy8_NQOFYZqYkphaWJRSWpRcWLWPmdE4tyU3N0FDzzUjIT8xJ3sDICANkbo75ZAAAA&sa=X&ved=2ahUKEwiAj5qgtJ7vAhXv4XMBHaBACZsQmxMoATAiegQINRAD


❑ Comprised of three elements: energy, loss, congestion 
❑ Energy + loss + congestion = LMP price

LMP components

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



❑ Help generators to optimize dispatch, operations efficiency, 
     bidding  strategy etc.  

❑ Prices can drive transmission investment, grid improvements 

❑ Benefit traders looking to provide liquidity by exposing arbitrage 
     in the market 

Why forecast LMP ?

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



TEXAS.HUB

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Pricing events

Not a normal pattern

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Event classification yes/no

The event is about what happened to trigger the Outlier which shall be 
classified. Event can be considered as price spike, price upward, price value 
and price range. The predicted values are related to and/or LMP itself.

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Showing negative and positive show clearly on positive trend or 
negative trend.  Prices & Conditions

Event classification w/ direction

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Point forecast 

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

MW



Prediction distribution

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

MW



What affects price ?

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



❑ Weather 

❑ Load 

❑ Generation 

❑ Fuel prices 

❑ Transmission outages/constraints

What affects price ?

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Historical data 

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Why state is important ? 

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



❑ Weather 

❑ Load 

❑ Generation 

❑ Fuel prices 

❑ Transmission outages/constraints

What affects price ?

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

Difficult to get results, 
ML is required.



What constraints are binding ?
A binding constraint is one where some optimal solution 
is on the line for the constraint. 

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Interpreting congestion

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Constraint clustering

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

Constraint clustering



Example prediction output w/Day-Ahead 
comparison

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Real Applications for 
Machine Learning in Energy 

Additional Use Cases



Load Forecasting
❑ Load is the key driver for long-term 

investment and short-term operations 
❑ Utilities have top priorities of safety, 

reliability and economic electricity 
❑ A short-term change in load impacts 

grid frequency, impacts generator 
responses, causes price changes, and 
more 

❑ The more accurately a utility can 
forecast load, the better they can 
dispatch generation resources to meet 
that load while maintaining these 
priorities 

❑ There are many companies 
internationally that use 
NOSTRADAMUS to forecast load 

The load duration curve is an excellent starting point for ensuring that the 
newly-constructed model properly meets the peaks and valleys of the 
respective load patterns.

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

Additional Use Cases



Velocity Suite 
The energy industry’s premier analytical source for energy information

Velocity Suite automates 
complex data collection, 
aggregation, proofing, and 
normalizing that are the 
prerequisites of sound 
analysis. That means 
analysts can focus on 
analyzing data, not 
managing it.

Ref : Velocity Suite Applications for Machine Learning in Energy.

Additional use cases



Ref : Velocity Suite Applications for Machine Learning in Energy.





Case Study : EDF Renewables North America

“Our energy market big data and scenario softwares have turned into a leading support for any 
renewable project developers preparing bids into tenders, informing PPA negotiations, raising 
project debt and equity and prioritizing the right sites wherever alternatives are still available”

Velocity Suite enables 
companies to quickly 
evaluate the activities 
of market participants 
and industry 
dynamics across 
commodities using a 
single integrated 
solution. 

Ref : Velocity Suite Applications for Machine Learning in Energy.

https://youtu.be/aPGYDmrTEWg



❑ Grid frequency monitoring 
Power frequency disturbances (T&D), make dispatch decision using ML 

Additional Use Cases

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

Fast Stability Enhancement of Inverter-Based Microgrids using Machine Learning Techniques

Grid Stabilization
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Alinta Newman 30MW / 8MWh BESS
How do we switch off the last generator?

Virtual Synchronous Machines are critical to allow Synchronous Machines to switch off

Analytics Optimizer Manage

Ref : Grid Forming – BESS in Australia

In the control community, learning dynamic models is a system identification problem. Essentially, machine learning and system 
identification are all about inferring models from data. Both rely on optimization. 



❑ Grid Asset Health 
Asset Performance Management (APM) : Predictive, prescriptive, prognostic, using ML 

Additional Use Cases

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

Power Transformers



Risk of Failure Confidence Based On Available Data (Substation Transformers)

Ref : FirstEnergy’s experience and lessons learned on the journey to data-driven, condition-based asset management with Lumada APM

Grid Asset Health 

FirstEnergy, headquartered in Akron, Ohio, includes one of the United States’ largest investor-owned electric systems with more 
than 24,000 miles of transmission lines and a diverse generation fleet with a capacity of nearly 17,000 MW. Its 10 regulated 
distribution companies serve six million customers in the Midwest and Mid-Atlantic regions.



Ameren also recognized the need to move from traditional time-based maintenance
methods to a more cost-effective, risk based maintenance program.

Ref : Ameren Illinois ’s experience and lessons learned on the journey to data-driven, condition-based asset management with Lumada APM

Grid Asset Health 

Ameren Illinois delivers energy to 1.2 million electric and 816,000 natural gas customers across a service territory covering more 
than 1,200 communities and 43,700 square miles. Ameren Illinois is the state’s second-largest regulated energy company and the 
only utility in the state delivering both natural gas and electricity. 

Especially with 
their oldest 
transformers in 
operation for more 
than 40 years. 

Ameren Illinois had 
entered more than 
2,000 transformers 
into Lumada APM.



Identify Grid Infrastructure in Satellite Imagery 
Analyze the shape of equipment/infrastructure using ML 
to identity the type of equipment.

It recommends ground sample distance of 
30 cm, pan sharpened to 15 cm for accuracy and precision. 
precision

Ref : Manage tree growth before they cause power outages / Optimize mitigation efforts against vegetation risks

Additional Use Cases



Predicts emergent risks, optimizes cut plans & provides a sole source of truth for vegetation data

Integrations & Data Direct Control Over Maxar Satellites

Ref : Manage tree growth before they cause power outages / Optimize mitigation efforts against vegetation risks

The proof is in 
the sustained 
increase in U.S. 
power outages over 
the last decade, 
exacerbated by 
prolonged growing 
seasons and 
downed trees, due 
to an increase in the 
force and frequency 
of extreme weather 
events.

Identify Grid Infrastructure in Satellite Imagery 

https://www.eia.gov/todayinenergy/detail.php?id=54639
https://www.eia.gov/todayinenergy/detail.php?id=54639
https://www.eia.gov/todayinenergy/detail.php?id=54639


❑ Extract information from regulatory documents

❑ Smart home thermostats (Nest, Ecobee)

Related to the natural language processing which involves translation and 
speech. Instead we use ML to find the keywords and extract such 
requirement information. 

Nest devices use digital signals to learn about your preferences (seven 
days, Using ML)   

Additional Use Cases

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



Hitachi Energy announced the establishment of the Digital Power Grid Center, an R&D 
facility, within the company’s in Montreal headquarters, focused on AI, machine learning and 
cybersecurity as they relate to the energy industry.
The center will be the company’s seventh research location, joining its R&D centers in China, 
Poland, Sweden, Switzerland, Germany and the USA. 

New Digital Power Grid Center leverages Quebec’s 
academic and technology leadership in fields critical to 
the future of energy



Technical Report : PES-TR112

Machine learning (ML) is one of the 
emerging technologies for implementing 
the next generation smart grid. In recent 
years, the PES community has 
witnessed significant efforts to explore 
the potential of machine learning for 
solving complex power system 
problems. Applications cover almost 
every area within the interest of PES, 
including generation, transmission, 
distribution, microgrid and customers. 
Also, researchers have been exploring 
physics-informed, performance-
guaranteed, or explainable ML 
techniques for power systems.



Technical Reports & Applicable Papers or Presentations











❑ Set deadlines for research and experimentation early on 
❑ Establish proper baseline tests 
❑ Complex systems are difficult to predict 
❑ Machine learning models perform niche tasks well and deteriorate as tasks
     become more general 
❑ Machine learning models should most often be used to augment human
     decisions, not replace them 
❑ Have realistic expectations for implementing machine learning systems

What we’ve learned from ML

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.



❑ Domain expertise provides a big boost to machine learning development 

❑ Quality data is a MUST (garbage in, garbage out) 

❑ Machine learning models aren’t going to solve everything 
     (but they can make our lives easier) 

❑ Your goals drive everything

Ref : Toplyn, B., & Colley, A. (2020). Applications for Machine Learning in Energy.

Conclusion



THANK YOU

Q&A
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